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Tarefa

Receber como entrada uma imagem e como saida dizer se é um

gato ou um cao.
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What We See
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What Computers See
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Como concretizar a tarefa?
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Redes Neuronais Convulsao (ConvNets)




Inspiracao biologica

Redes Neuronais de Convulsao sao inspiradas no funcionamento
do Cortex Visual.

Hubel and Wiesel em 1962 mostraram que certas células
neuronais respondiam apenas na presenca de objetos com arestas
de certas orientacoes.



Neuronio

_ weights
inputs
X
1
activation
functon
X @ net input
ne.&- , (p o
X3 activation
h transfer
function
9
: threshold

Neuronio Artificial Neuronio Biologico




Rede Neuronal

hidden layver 1 hidden laver 2 hidden layer 3

Yy

input laver

output layer




Aprendizagem Supervisionada
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Rede Neural Convolucional (ConvNets)
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Filtros
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Convulsao
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Convulsao (Conv Layer)

28 x 28 input neurons first hidden layer: 3 = 24 = 24 neurons




Downsampling (Pooling Layer)

Single depth slice
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Downsampling (Pooling Layer)

28 x 28 input neurons 3 % 24 x 24 neurons
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Fully Connected Layer (FC Layer)
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Todas as camadas

Convelution Pooling Convolution Pooling Fully Fully Output Predictions
+RelU + RelU Connected Connected
| |
- o — M Im
1 r Cat (0)

I l_ Boat (1)

1 - ! B Bird (0)
| == P -
Eiotai =7 ﬁ[.fu.l'_-e.lff — aulput )
' by |
Feature Extraction from Image Classification

As caracteristicas sao aprendidas!



1 Milhao de imagens em 1000 categorias
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Extracao “hierarquica’ de carateristicas
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Conv 3: Texture

Conv 5: Object Parts
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Fc8: Object Classes



AlexNet
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. A
WE NEED TO GO DEEPER



Microsoft ResNet (2015)
152 Camadas
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Transfer Learning

Utiliza-se Transfer Learning para resolver um novo problema.

® Utlizar a ConvNet como um extractor de caracteristicas
® Fine-Tuning de uma ConvNet pré-treinada



Transfer Learning
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